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Abstract

Machine-learning credit assessment is often discussed as a substitute for manual underwrit-
ing, yet high-stakes lending decisions require a more careful design in which predictive
models augment human judgement. This paper presents a supervised learning framework
for peer-to-peer micro-lending default prediction using a reproducible pipeline built around
LightGBM classification, engineered affordability features, class-imbalance handling, Isola-
tion Forest anomaly detection, and SHAP explainability. The dataset is processed through
exploratory analysis, feature construction, stratified train-test splitting, median and modal
imputation, robust scaling, categorical encoding, SMOTE rebalancing, model training,
diagnostic evaluation, business-impact estimation, and global and local explanation. The
experimental run reports an AUC-ROC of 0.7459, average precision of 0.3042, macro-F1 of
0.5614, and default-class F1 of 0.3332. At the operating threshold used in the pipeline, the
model identifies 4,081 defaults while missing 1,850 defaults, representing $236,020,901.20
in potential principal at risk. SHAP analysis ranks age, interest rate, months employed,
credit-to-income, dependents, and co-signer status among the strongest drivers, revealing
both useful affordability signals and governance-sensitive proxy variables. The findings
support an augmentation thesis: AI can improve default-risk triage, anomaly surfacing, and
explanation consistency, but false positives, missed defaults, proxy-feature risks, and high-
value edge cases require human-in-the-loop underwriting, fairness review, and accountable
lending policy.

1. Introduction

Credit allocation is a consequential decision process because it determines which borrowers can access liquidity, which lenders bear default
losses, and which communities are included or excluded from financial opportunity. Machine-learning credit-scoring research shows that
supervised models can process high-volume applications, capture nonlinear borrower patterns, and improve default-risk discrimination
compared with traditional linear scorecards [1]. At the same time, algorithmic lending research warns that better prediction is not identical to
better governance: automated credit systems may reproduce historical bias, intensify information asymmetry, or create adverse outcomes
that are difficult for applicants to understand or contest [2, 3].

This paper addresses a practical question: when a supervised credit-risk model is available, should it replace human underwriting or
augment human decision-making? The answer developed here is augmentation. A model can rank applications, surface latent risk patterns,
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identify anomalous records, and generate explanation artifacts for reviewers. However, the same model can also produce false positives, miss
high-value defaults, and rely on features whose social meaning requires policy judgement. In credit decisioning, these residual risks are not
peripheral. They define the boundary between responsible automation and unsupported delegation.

The primary experimental artifact is a complete micro-lending default-risk classification pipeline whose modules cover data loading,
exploratory analysis, feature engineering, preprocessing, imbalance treatment, LightGBM model training, evaluation, and SHAP explanation
[4]. The pipeline uses boosted trees for heterogeneous tabular credit data, handles default-class imbalance through SMOTE by default,
provides alternative imbalance modes through undersampling and class weighting, detects outlying training records with an Isolation Forest,
and saves both aggregate and local explanation outputs. This makes it suitable for studying not only predictive performance but also
human-in-the-loop governance.

The resulting performance is useful but imperfect. The evaluation reports AUC-ROC of 0.7459 and default recall of 0.69, indicating that
the classifier captures many risky loans. Yet default precision is only 0.22, meaning that many applicants predicted as defaulting are actually
safe. The model also misses 1,850 defaults, producing a principal-at-risk estimate of $236.02 million. These results make replacement
implausible and augmentation necessary. They also demonstrate why aggregate accuracy alone is not a sufficient measure for lending
systems: error direction, economic exposure, and borrower fairness must be analysed together.

The central contribution of this paper is an augmentation framework for credit-risk AI. The framework has three components. First,
predictive augmentation uses the LightGBM model to triage applications by estimated default risk. Second, explanatory augmentation uses
SHAP outputs to identify the features most responsible for both global model behaviour and individual predictions. Third, governance
augmentation converts anomalies, borderline probabilities, proxy-sensitive features, and high-exposure errors into mandatory human-review
triggers. The paper therefore documents a reproducible supervised-learning workflow, converts its empirical outputs into operational
evidence, and proposes a review architecture in which model scores, explanations, anomaly flags, and underwriter decisions are logged as a
single accountable process.

2. Related Work

2.1. Machine Learning for Loan Default Prediction

Credit-risk literature has moved from purely statistical scorecards toward boosted, hybrid, and deep-learning models. Hybrid LightGBM
studies report that convolutional feature extraction combined with gradient-boosted trees can outperform several classical comparators in
loan-default prediction [5]. Explainable default-prediction research comparing logistic regression, decision trees, XGBoost, and LightGBM
also finds that boosted-tree models improve predictive performance while requiring post-hoc explanation for usability and trust [6]. Other
LightGBM-based credit models report strong results against XGBoost, Lasso, and CatBoost comparators in structured default-prediction
settings [7]. These findings support the use of LightGBM as the main classifier in the present framework.

The strongest credit-risk systems integrate model choice with domain-aware feature engineering, imbalance treatment, and explainability.
Enhanced LightGBM frameworks for digital finance motivate their designs around high-dimensional data, minority-class skew, and limited
interpretability [8]. Analytical credit-risk systems also use SHAP to convert model output into actionable risk evidence for banking
decision-makers [9]. The present framework is simpler than advanced hybrid architectures, but it follows the same operational logic:
structured feature construction, boosted classification, class-imbalance handling, and explanation artifacts that can be inspected by humans.

2.2. Class Imbalance, Explainability, and Governance

Default prediction is an imbalanced classification problem because most borrowers do not default. This imbalance creates two linked
difficulties: aggregate metrics can appear acceptable while default-class performance remains weak, and interpretation methods can become
unstable when the minority class is rare. Studies of imbalanced credit-scoring datasets show that class skew can affect the stability of
LIME and SHAP explanations [10]. Oversampling research for explainable credit scoring proposes non-parametric methods to improve
minority-class learning while retaining interpretability [11, 12].

Explainability is central in credit scoring because adverse decisions must be contestable, auditable, and understandable to operational
staff. Research on automated credit decisions argues that black-box models undermine borrower and lender trust and uses SHAP to identify
feature importance and examine the effect of removing potentially discriminatory variables [13]. Fairness studies in banking credit scoring
show that historical data can encode discrimination and that bias-mitigation methods must be evaluated alongside predictive performance
[14]. Broader work on algorithmic discrimination in credit shows how models trained on past decisions can consolidate bias against
protected or socially salient groups [3]. Human-AI collaboration research also shows that decision control, uncertainty communication, and
stakeholder-specific explanation design influence whether users can meaningfully govern AI systems [15–17].

3. Methodology

3.1. Dataset and Exploratory Analysis

The study uses a loan-default dataset with a binary target where 1 denotes default and 0 denotes safe repayment. The data include borrower
and loan attributes such as loan amount, loan term, income, months employed, age, debt-to-income ratio, interest rate, employment type, loan
purpose, credit score, number of credit lines, dependents, co-signer status, and mortgage status [4]. Exploratory analysis checks shape, data
types, missingness, class balance, and correlations, then saves diagnostic plots for interest rate, debt-to-income ratio, credit-score distribution,
and numeric feature relationships.

Figure 1 links the main distribution diagnostics to the modelling problem. Interest rate and debt-to-income ratio are direct affordability
and risk indicators, while the credit-score histogram compares the safe and default classes across a conventional creditworthiness measure.
Figure 2 complements these plots by showing linear relationships among numeric variables, which helps identify redundant variables and
motivates nonlinear tree-based modelling when simple correlations are insufficient.
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Figure 1: Exploratory distribution diagnostics: interest rate by default class, debt-to-income ratio by default class, and credit-score distribution by default
class.

Figure 2: Correlation matrix for numeric borrower and loan variables.

3.2. Feature Engineering and Preprocessing

Five domain features are engineered before modelling. Payment-to-income divides estimated monthly loan payment by monthly income.
Credit-to-income divides the loan amount by annual income. Employment-age ratio relates months employed to applicant age in months.
High-DTI flag marks debt-to-income ratios above 35. Interest-rate tier bins interest rates into ordinal risk bands. These features translate raw
application fields into underwriting concepts such as affordability, leverage, employment stability, and risk-based pricing.

The pipeline uses a stratified 80/20 train-test split before imputation to reduce leakage. Numeric variables are imputed with training
medians, while categorical variables are imputed with training modes. Employment type and interest-rate tier are label encoded, and
remaining categorical variables are one-hot encoded with first-level dropping and unknown-category handling. Income and loan amount are
robust-scaled and log-transformed after applying a nonnegative offset. This design preserves the test set as an unseen evaluation sample and
avoids fitting imputers, scalers, or encoders on the full dataset.

3.3. Class Imbalance, Model Training, and Anomaly Detection

The minority default class is handled through three selectable strategies. The default strategy applies SMOTE with five neighbours to
synthetically increase default-class examples. A second strategy applies random undersampling to reduce the majority safe class. A third
strategy leaves the training data unchanged but passes a class-weight ratio to the LightGBM classifier. The pipeline also applies an Isolation
Forest with a five-percent contamination setting to identify anomalous training rows. These outliers can be saved for review or optionally
excluded before training [4].

The classifier is a LightGBM model configured with 1,000 estimators, a learning rate of 0.05, 63 leaves, unrestricted depth, minimum
child samples of 20, row subsampling of 0.8, column subsampling of 0.8, L1 and L2 regularisation of 0.1, and a fixed random seed. Optional
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Bayesian hyperparameter search uses five-fold stratified cross-validation and AUC-ROC scoring over number of leaves, learning rate,
maximum depth, and minimum child samples.
The business-impact calculation is defined as

RFN = NFN L̄ = 1850×127578.87 = 236020901.20, (1)

where RFN is potential principal at risk from false negatives, NFN is the number of missed defaults, and L̄ is the implied average exposure
per missed default.

4. Results and Analysis

4.1. Model Performance

Table 1 summarises the core evaluation results. AUC-ROC of 0.7459 indicates meaningful separation between safe and defaulting borrowers,
while average precision of 0.3042 reveals the difficulty of precision under minority-class imbalance. Macro-F1 of 0.5614 is substantially
lower than accuracy, showing that the safe and default classes are not equally easy to classify. Default-class F1 of 0.3332 is the strongest
evidence against autonomous replacement: the model is useful for risk triage, but not reliable enough to make final adverse decisions without
review.

Table 1: Evaluation metrics for the default prediction model.

Metric Value
AUC-ROC 0.7459
Average precision 0.3042
Macro-F1 0.5614
Default-class F1 0.3332
Accuracy 0.68
Test observations 51,070

Figure 3 links the numerical performance measures to their diagnostic plots. The ROC curve summarises threshold-independent
separation, the precision-recall curve highlights the minority-class default challenge, and the confusion matrix shows how true and false
decisions are distributed at the operating threshold.

Figure 3: Evaluation diagnostics: ROC curve, precision-recall curve, and confusion matrix for safe and default classes.

4.2. Classification Errors and Business Impact

Table 2 provides the class-level results. The model achieves high precision for safe borrowers, 0.94, but only 0.22 precision for defaults.
Conversely, default recall is 0.69, which means the model captures most observed defaults but at the cost of 14,487 false-positive default
predictions. A borrower falsely classified as likely to default may face denial, higher scrutiny, or less favourable terms. Thus, false positives
are not harmless errors; they are cases where underwriters should inspect explanations, affordability evidence, and policy constraints before
acting.

Table 2: Classification report and confusion matrix counts.

Class Precision Recall F1 Support
Safe 0.94 0.68 0.79 45,139
Default 0.22 0.69 0.33 5,931
Confusion matrix counts
TN 30,652
FP 14,487
FN 1,850
TP 4,081
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The business-impact estimate in Table 3 reframes the same confusion matrix in financial terms. False negatives represent defaulting
borrowers predicted as safe. The run reports 1,850 missed defaults, equal to $236,020,901.20 in potential principal at risk. Dividing the
principal-at-risk estimate by the number of false negatives implies an average exposure of approximately $127,578.87 per missed default.

Table 3: Business impact of missed defaults.

Business measure Value
False negatives 1,850
Potential principal at risk $236,020,901.20
Implied exposure per missed default $127,578.87
True defaults detected 4,081
False-positive default predictions 14,487

4.3. Explainability Results

Figure 4 presents the global SHAP diagnostics. The bar chart ranks mean absolute feature contribution, while the beeswarm plot shows how
feature values push individual predictions toward or away from default risk. Together, these plots reveal the model’s operational logic: age,
interest rate, employment duration, credit-to-income, dependents, co-signer status, employment type, credit score, number of credit lines,
and log loan amount dominate global behaviour.

Figure 4: Global SHAP diagnostics: mean absolute feature importance and beeswarm distribution of feature contributions across sampled test records.

Table 4 converts the global SHAP ranking into governance interpretation. Some features are directly interpretable affordability signals:
interest rate, credit-to-income, loan amount, and DTI ratio describe repayment burden. Others require governance caution. Age, dependents,
marital status, and co-signer status may reflect repayment patterns, but they may also act as proxies for life stage, family structure, or
protected characteristics depending on jurisdiction and policy context.
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Table 4: Top SHAP-ranked features and governance interpretation.

Rank Feature Governance interpretation
1 Age Strong signal; fairness-sensitive and requires policy justification.
2 InterestRate Direct loan-risk and pricing signal.
3 MonthsEmployed Employment stability and income-security proxy.
4 credit to income Affordability and leverage signal.
5 HasDependents Yes Household-obligation proxy; review for fairness.
6 HasCoSigner Yes Risk-sharing and guarantee signal.
7 EmploymentType Labour-market stability signal.
8 CreditScore Conventional creditworthiness signal.
9 NumCreditLines Credit exposure and history signal.
10 LoanAmount log Exposure-size signal after robust scaling.

Figure 5 shows local SHAP waterfall diagnostics for three underwriter-relevant cases: the highest-confidence default, the highest-
confidence safe prediction, and the most borderline prediction. These plots connect each individual decision to its strongest feature-level
reasons.

Figure 5: Local SHAP waterfall diagnostics: highest-confidence default case, highest-confidence safe case, and borderline case closest to the decision
threshold.

5. Governance Discussion

The results strongly support the augmentation thesis. If the evidence had shown near-perfect classification, one might argue for a more
automated decision pathway. Instead, the model reports moderate discrimination, strong default recall relative to the baseline prevalence,
weak default precision, and substantial false-negative exposure. This combination is typical of useful decision support in high-stakes domains.
The AI system improves the underwriter’s ability to find risk, but it also creates new review obligations.

The first implication is that evaluation must be business-aware. Accuracy of 0.68 is not the central result. The central result is the
distribution of errors. A false negative exposes the lender to principal loss, while a false positive exposes the borrower to possible denial
or unfavourable treatment. The report quantifies only the lender-side cost of false negatives. A production system should also estimate
borrower-side costs, such as rejected safe borrowers, delayed decisions, or unnecessary manual requests for documentation. This would turn
Table 3 into a two-sided risk ledger.

The second implication is that explainability is not merely a compliance artifact. The SHAP ranking reveals the model’s operational
logic. Interest rate, employment duration, credit-to-income, credit score, and number of credit lines are intuitive credit-risk factors. Age,
dependents, marital status, and co-signer status are more delicate. They may be statistically predictive, but they require policy review
because they can encode demographic or household-structure effects. In this framework, SHAP functions as a governance sensor: it does not
automatically certify fairness, but it tells reviewers where to look.

The third implication is that anomaly detection defines an irreducible human role. The Isolation Forest layer identifies approximately
five percent of training observations as anomalous by configuration. These cases are precisely where model generalisation is least secure.
They may include data-entry errors, unusual borrower profiles, fraud patterns, or legitimate edge cases underrepresented in the training
distribution. Automated rejection of such cases would confuse anomaly with default risk. A better workflow routes anomaly cases to humans
with model score, SHAP attribution, raw application data, and reason codes visible in one review interface.

Several limitations remain. The archive does not include a temporal validation design, so the reported performance may not reflect
drift across credit cycles. The business-impact metric uses mean loan amount rather than realised loss given default, collateral recovery, or
exposure at default. SMOTE improves minority-class learning but may affect calibration, and the archive does not report calibration curves
or threshold optimisation. The fairness analysis is based on SHAP visibility rather than formal group fairness metrics, counterfactual tests, or
adverse-impact analysis. Finally, the dataset is public and generic, so deployment in a real lender would require data-governance review,
privacy assessment, adverse-action explanation design, and external validation. As shown is Table 5.
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Table 5: Human-in-the-loop governance triggers.

Trigger Required human action
Borderline probability near 0.5 Underwriter review before approval or rejection.
Isolation Forest anomaly Check data quality, fraud indicators, and unusual borrower context.
High exposure amount Senior credit review because false negatives are financially material.
SHAP dominated by age or family Fairness and policy justification review.
proxies
False-positive-sensitive segment Inspect affordability evidence before adverse decision.
Model-rule disagreement Escalate to policy owner and document override rationale.

6. Conclusions

This paper presents a supervised LightGBM framework for peer-to-peer micro-lending default prediction with engineered affordability
features, SMOTE imbalance handling, Isolation Forest anomaly detection, diagnostic evaluation, business-impact analysis, and SHAP
explainability; the empirical results show that the model provides useful risk triage by detecting 4,081 defaults, but it also misses 1,850
defaults representing $236.02 million in potential principal at risk and produces many false-positive default predictions, so the appropriate
deployment model is not autonomous replacement of underwriters but accountable augmentation in which scores, explanations, anomaly
flags, high-exposure cases, and proxy-sensitive features are routed through human review, fairness oversight, and documented lending policy.
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